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ABSTRACT

As the construction industry increasingly adopts digital technologies, recent studies emphasize digital twins as
essential tools for managing construction projects and automating workflows. Although research has advanced
the technical aspects of digital twins, there is a notable gap in examining human performance factors, particu-
larly situation awareness — a cognitive process crucial for recognizing, comprehending, and anticipating changes
in the work environment. With greater reliance on automation, neglecting this critical capability can lead to
severe oversights, particularly during disruptions. To address this gap, we conducted a qualitative study
grounded in a theoretical framework to explore the situation awareness requirements under different disruption
scenarios in two contrasting construction contexts: offsite production and onsite assembly. First, drawing on 16
semi-structured interviews and non-participant field observations, we employ goal-directed task analysis to
reveal the distinct information needs in each context. Second, through a comprehensive content analysis of the
interview narratives, we identify the dynamics of gaining and maintaining situation awareness and provide
digital twin design recommendations. Findings indicate that managers must shift from a macro-level overview to
a micro-level detail in offsite production, requiring digital twin displays with adaptable granularity. In contrast,
onsite assembly demands an intensely iterative approach to situational awareness, which calls for comprehensive
real-time digital twin displays that support quick back-and-forth assessments. This study contributes by
formalizing experts’ background knowledge, which can serve as a valuable basis for creating context-sensitive
digital twin systems that better support human decision-making in offsite construction contexts and beyond.

1. Introduction

semantic interoperability and scheduling [9-12]. Other researchers
extensively explore computer vision for real-time monitoring and proj-

In recent years, the construction industry has been progressively
adopting digital technologies, marked by growing automation and
connectivity, with the digital twin (DT) concept playing a pivotal role in
driving innovation. DTs serve as virtual counterparts to physical assets
or systems [1], enabling professionals to consolidate vast information
streams to address the growing complexity of modern projects [2].
Proposed application scenarios include offsite production scheduling
[3], tracing materials [4], improving onsite assembly [5] and progress
monitoring [6]. These applications illustrate the transformative influ-
ence of DTs across different stages of construction.

Current research on DTs in the construction industry emphasizes
integrating physical and virtual domains through a technical lens [7,8].
Studies focus on advancements in virtual modeling, data acquisition,
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ect tracking [13,14], as well as the fusion of DTs with artificial intelli-
gence (Al) for improved project management [15,16]. The resulting DTs
are inherently complex systems, integrating diverse network technolo-
gies, sensors, embedded systems, computational models, and human-
data interfaces to create a cohesive virtual representation of physical
assets and construction processes [17]. As such, they demand consid-
erable financial resources and development efforts.

However, successfully adopting DTs in real-world settings requires
addressing human-related challenges beyond technological sophisti-
cation [18-20]. Studies highlight that construction managers (especially
more experienced ones) tend to resist digital technology adoption due to
its disruptive impact on established workflows [21,22]. While DTs
provide vast amounts of data, they can become counterproductive if
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they overwhelm users with irrelevant information or introduce complex
navigation patterns that do not match intuitive mental models and
cognitive resources [23]. Besides, over-reliance on data output might
lead to automation bias [24], whereas under-confidence in system ac-
curacy can produce unwarranted mistrust [25]. As such, DT solutions
must be aligned with managerial workflows to ensure that human op-
erators can effectively comprehend and address pressing disruptions.
Information visualization within DTs must be human-centered so that
users can effectively interpret critical data. Therefore, a nuanced un-
derstanding of the interplay between DT capabilities and the cognitive
processes of the professionals who will operate these tools in practice
remains essential to maximize DT utility.

Building on these considerations, situation awareness (SA) emerges
as a potential lens for understanding how managers assess demanding
situations in uncertain environments. SA refers to an individual’s
perception of environmental elements, comprehension of meaning, and
projection of their future status [26]. SA is integral to managing dynamic
systems like construction projects [27]. Here, SA is not only about
sensing but also about structuring knowledge so that managers can
rapidly interpret key signals. In the face of intense project disruptions —
from unexpected supply delays to unforeseen weather events [28] —
robust SA is important for construction managers aiming to ensure the
project proceeds as planned despite these uncertainties. In construction,
the SA requirements, i.e., the data individuals need and they way they
process it mentally for a particular decision, often differ from those in
other industries [29-31], demanding careful alignment of explicitly
represented information with the construction project’s stage and
complexity.

Despite the promise of DTs for real-time insights into complex con-
struction processes, there is a lack of knowledge about how these sys-
tems should be designed to enhance and not impede SA in the face of
project disruptions. Previous research indicates that DTs have the po-
tential to improve operators’ SA by offering timely, contextualized data
[32]. At the same time, high volumes of incoming information and
poorly designed interfaces can cause cognitive overload or uncertainty if
they do not align with users’ mental models [33]. While studies in our
field increasingly cite SA as a goal of DT applications [15,17,34] their
analyses seldom clarify how these tools directly strengthen (or poten-
tially undermine) managers’ capacity to interpret disruptions accu-
rately. We cannot precisely define the threshold at which the DT shifts
from a beneficial tool for human performance to one that fosters auto-
mation bias or mistrust due to information overload or compromised
data quality. Simultaneously, theoretical investigations of SA frame-
works in construction [27,35] stop short of converting the identified SA
requirements and the dynamics of gaining and maintaining SA into
actionable design principles for emerging DT systems. Bridging this gap
between technological advancements and human-centered SA needs is
essential for developing a DT paradigm that leverages the richness of
real-time data while protecting managers from cognitive overload dur-
ing critical project disruptions.

To address this gap, we present a qualitative analysis that links DT
functionalities with improved SA for construction management,
centering on three fundamental research questions. RQ 1 — What are the
key situation awareness requirements for managers investigating disruptions
across different construction project phases? clarifies how decision-makers
process and interpret critical data under selected unpredictable condi-
tions. RQ 2 — How do varying work environments (e.g., factory-based vs.
onsite) shape managers’ strategies to build and maintain situation awareness
under disruptive conditions? highlights how environmental complexities
influence the depth and breadth of awareness needed to investigate
disruptions. RQ 3 — How can human-centered digital twins be designed to
meet the distinct situation awareness requirements that emerge in these varied
construction contexts? moves the discussion toward tangible IT solutions,
emphasizing how DTs can be refined to enhance managerial cognition
genuinely. We adopt a qualitative approach for knowledge elicitation
because it reveals the nuanced ways managers obtain knowledge in
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high-stakes scenarios, offering contextual depth that quantitative mea-
sures alone might overlook. Ultimately, we aim to bridge the gap be-
tween theoretical SA frameworks and the technology-driven DT
research in construction. The resulting insights promise to inform new
design guidelines and best practices, paving the way for DT solutions
that enable construction professionals to respond to disruptions more
efficiently.

The remainder of this paper is structured as follows: Section 2 re-
views the relevant literature, focusing on DTs in construction manage-
ment, human-DT interaction, and the SA framework of Endsley [36]
alongside its role in construction management. Section 3 describes the
research methodology, including using semi-structured interviews
alongside non-participant observations and applying Goal-Directed Task
Analysis (GDTA) to uncover the cognitive requirements of construction
managers. Section 4 presents the study’s findings, emphasizing the
contrasting SA requirements of offsite production and onsite assembly.
For each construction context, we uncover three unique cognitive pat-
terns that characterize the processes of acquiring and maintaining SA,
and we propose three targeted design recommendations for DTs to
address these nuances. Section 5 discusses the findings and their broader
implications for theory and practice while offering insights into human-
centered design strategies for DTs. Finally, section 6 concludes the study
and outlines future research directions.

2. Literature review
2.1. Digital twins for construction management

A DT is a digital representation that mirrors physical entities, such as
objects, systems, or processes, designed to serve specific functions [1].
The concept of twinning involves a bi-directional connection: data flows
from the physical to the virtual domain and vice versa. The fundamental
building blocks of DTs consist of the physical entity, its digital coun-
terpart, and the interactions occurring within their physical and virtual
environments [37]. The frequency, accuracy, and scope of twinning vary
across industries and depend on the specific application. By consoli-
dating diverse information streams, DTs can enhance human operators’
ability to comprehend and address complex challenges [2].

The vision for DTs in construction management lies in achieving
robust, integrated systems that optimize project workflows through
advanced, data-driven analyses [38,39]. DTs should be understood not
as standalone technologies but as integral digital innovations that
enhance and elevate existing management practices. For example, by
digitally augmenting conventional lean management tools such as visual
management and value stream mapping [40], DTs substantially improve
communication, visibility, and the flow of information, which are crit-
ical for efficient production management [15,41-43]. Beyond simply
augmenting traditional tools, DTs introduce powerful analytical capa-
bilities, including real-time integration of diverse data sets, predictive
modeling to identify waste early, and automated generation of recom-
mendations for corrective actions [30,41,43]. Consequently, DTs extend
beyond the limitations of conventional methods by uncovering hidden
correlations and proactively addressing potential disruptions, thus
adding substantial value to the management of complex production
processes.

Research on DTs in the construction industry primarily focuses on
developing sophisticated technological solutions for integrating the
physical and virtual project realms [8]. This includes advancements in
data acquisition, transmission, virtual modeling, and semantic interop-
erability of models and algorithms driven by engineering and computer
science expertise [9,10,44]. The resulting DTs are inherently complex
systems, integrating diverse network technologies, sensors, embedded
systems, computational models, and human-data interfaces to create a
cohesive virtual representation of physical assets and processes [17]. As
such, they pose a significant investment in financial resources and
development efforts. Establishing clear and precise design requirements
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ensures the system is purpose-built to meet the intended objectives
[45,46].

Aligned with this technology-centered approach, studies investi-
gating development requirements and providing design guidelines for
DTs in construction contexts strongly emphasize technical aspects. For
instance, Boje et al. [9] categorize DT requirements into procedural,
technological, modular, and interconnectivity. Their framework em-
phasizes technical priorities such as sensor placement, cost-benefit an-
alyses, data integration, data security, and system modularity. Their
focus on interconnectivity — linking individual DTs with other systems
and enabling multi-level communication — centers on system function-
ality rather than user experience or usability for construction pro-
fessionals. Kosse, Hagedorn and Konig [47] elaborate on requirements
for DTs, identifying technical, process-oriented, spatial-structural, and
life cycle-oriented dimensions. As part of the extensive BIM2TWIN
research project, DT requirements emerged from case studies empha-
sizing data modeling for quality, equipment, operation, and safety,
focusing on planned versus actual progress [34,48]. Borrmann et al. [10]
emphasize data management, advocating for object-oriented modeling
to handle the complexity of construction projects.

2.2. Human-digital twin interaction in construction management

Successful adoption of DTs and the utility of the underlying
computational methods will require more than technological sophisti-
cation; widespread industry acceptance depends on addressing prac-
tical, human-centric challenges [18]. Decades of research into the
impact of automation on human workers have shown that human factors
significantly influence the effectiveness of new IT systems [25]. Studies
highlight that construction managers often resist digital technology
adoption due to its disruptive impact on established workflows [22,49].
Adopting DTs in construction is no exception, and the human dimension
remains a critical challenge [49,50].

The integration of the human factor in DTs has only recently gained
significant attention. The primary focus is the division of roles between
human agents and DTs, following the idea that human operators and DTs
form an integrated team, each relying on the other for effective func-
tioning [51]. Agrawal et al. [52] propose a two-dimensional framework
to distribute responsibilities between humans and DTs. By conducting
case study interviews, the authors identify varying levels of automation
that DTs can adopt for tasks such as observation, evaluation, decision-
making, and execution during construction activities. Given the
diverse role distributions, they stress the importance of developing
tailored interfaces to facilitate interaction between humans and DTs.
Abdelmegid et al. [53] introduce an integrated framework that connects
socio-technical dimensions with the DT maturity levels — digital model,
digital shadow, and DT - based on Kritzinger’s [54] classification.
Although these two studies advance scientific discourse toward human-
related considerations, their focus remains narrow, addressing only
selected aspects of human-DT interaction, such as role distribution and
task automation. Merely assigning specific roles within the human-DT
team does not ensure their successful operation [55]. A recent study
by Soman et al. [17] investigating human-DT interfaces proposes using
collaborative control rooms during construction projects. The re-
searchers integrate comprehensive data from multiple sources, employ
predictive analytics simulations, and utilize large interactive displays to
convey extensive real-time information. Their case study validation
resulted in shorter and more productive weekly look-ahead meetings of
the construction team. While reduced meeting durations hint at a pos-
itive influence, it remains unclear how each element of the DT impacts
the managers’ day-to-day comprehension of the current physical site
environment and project status. There is a temptation to assume that
simply adding more data, intensifying data analysis, and employing
additional predictive algorithms will continuously elevate the effec-
tiveness of managers. However, this notion was already challenged in
the 90 s and noted that human factors must be accounted for [56,57].
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A more detailed understanding of how DTs influence specific
cognitive functions is crucial. Recent research is pioneering computa-
tional methods to harness and process vast streams of automated data,
integrating these outputs into the work of construction managers [58].
As such streams of automated data outputs become integral to mana-
gerial tasks, the risk of overwhelming cognitive capacity increases,
potentially leading to misinterpretations or excessive reactions [23].
This is especially critical in the construction industry, where dynamic
project timelines, uncertain supply chains and many risk factors increase
the need for well-structured digital systems tailored to these complex
environments [59]. By identifying the variables that influence human-
DT interaction and embedding them in a contextually relevant frame-
work, DTs can better align with cognitive needs to maximize their utility
and robustness [19].

2.3. Situation awareness for managerial decision-making

Since direct observation of a manager’s cognitive processes during
tasks is not feasible, the concept of SA provides a means to infer and
understand these interactions [60]. According to the widely acknowl-
edged Endsley model, SA is “the perception of the elements in the envi-
ronment within a volume of time and space, the comprehension of their
meaning, and the projection of their status in the near future” [36]. The
model can be used to understand how human operators monitor swiftly
changing situations, process real-time task-relevant information pro-
vided by digital artifacts and make immediate decisions to fulfill certain
goals [61,62]. Unlike static knowledge, such as system rules or business
procedures, SA prioritizes real-time domain-specific data [26].

In Endley’s model [36], SA is conceptualized in three hierarchical
levels (see Fig. 1):

e Level 1 — Perception: Recognizing and gathering information about
the current situation.

e Level 2 — Comprehension: Understanding the significance of the
perceived information.

e Level 3 — Projection: Predicting future states and outcomes based on
comprehension.

These cognitive processes are influenced by task / system factors like
workload, interface design, and automation, as depicted at the top of
Fig. 1. They are also influenced by individual factors like goals & ob-
jectives, memory structures and information processing mechanisms, as
shown at the bottom of Fig. 1. These individual factors are deeply rooted
in cognitive psychology [63,64]. In practice, SA reflects the interaction
between these two layers: If either the system or the human side
changes, the resulting SA will also change.

Although Endsley’s model’s basic form can be retained across in-
dustries, research on SA must be tailored to specific domains and in-
dividuals involved [29,30]. SA has been investigated in the fields of
aviation [67], emergency response [68], maritime navigation [29],
flexible manufacturing [63], human-robot collaboration [69] and con-
struction projects [70], making it particularly relevant to this study.
Across these domains, task / system factors vary significantly: Aviation
involves high-speed automation and cockpit interfaces; manufacturing
emphasizes routine operations and machine reliability; construction
faces dynamic sites, unpredictable sequencing and spatial complexity.
Meanwhile, individual factors differ between professionals within a
particular professional domain: A novice manager, for instance, may
process information very differently than an experienced one.

SA is strongly related to the theoretical foundations of naturalistic
decision-making — a research paradigm developed explicitly to under-
stand and support decision-making in real-world settings instead of
controlled laboratory experiments [64]. Unlike traditional decision
theories that outline structured processes of option evaluation, natu-
ralistic decision-making investigates how practitioners cope with ill-
defined problems, intense time pressures, and complex
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Fig. 1. Model of SA in dynamic decision-making, adapted from Endsley [36,63].

interdependencies, which are conditions frequently mirrored in the
construction domain [71]. SA should not be mistaken for generating,
selecting or implementing options for addressing a situation [72].
Instead, SA feeds into decision-action cycles as a crucial input for in-
dividuals overseeing dynamic systems, enabling effective adaptation to
evolving scenarios [67,73]. The SA model provides a robust explanatory
framework for problem identification and sensemaking — two pivotal
cognitive processes in human problem-solving [64]. Researchers have
proposed other concepts, notably Klein’s Recognition-Primed Decision
model [74], which emphasizes the role of pattern recognition in expert
decision-making, and the Data-Frame Theory [75], which describes how
mental frames are developed and adapted. Weick’s view of organiza-
tional sensemaking further introduces a sociocultural perspective on
how groups negotiate meaning in uncertain environments [76,77]. In
cognitive sciences, more broadly, there is still debate over which
concept best captures the complexities of human cognition [64,75].
Nonetheless, a lengthy analysis of these theoretical differences is beyond
the scope of this study.

2.4. Situation awareness in construction management

In construction management, efforts to characterize SA and define its
requirements continue to gain momentum. Akinci [78] was among the
first to consider SA during construction and facility operations,
emphasizing the importance of delivering accurate information
promptly. Karkkainen et al. [79] propose a conceptual model called
situation pictures to understand the unique characteristics of construction
and production management. They emphasize that the contrasting na-
ture of offsite production and onsite assembly environments demands
more adaptive supply chain strategies, particularly regarding timely and
accurate information flow. Lavikka et al. [80] explore high-level data
flows and digital situation pictures within offsite supply chains, shed-
ding a conceptual light on how SA might be leveraged beyond the job
site. Investigating the Finnish construction industry, Lappalainen et al.
[81] find that current digital SA systems are primarily limited to sup-
porting level 1 (perception), indicating that most systems capture only
basic information without offering deeper analysis or decision support.
Furthering this research, Lappalainen et al. [82] evaluate subject matter
experts’ perspectives on SA in infrastructure projects, highlighting
ongoing challenges in balancing the quality of SA data with human
validation and suggesting a need to investigate the specific SA

requirements of site personnel. Assessing SA concerning takt production
on the site, Halttula and Seppanen [83] emphasize its potential benefits
but did not clearly define specific SA requirements. Similarly, Martinez
etal [70] use a serious game-based analysis to examine how a lack of SA
affects production planning and onsite decision-making, finding that
insufficient information hampers site managers’ ability to manage un-
certainties, yet without detailing the crucial information needed. The
study by Pillajo, Mourgues and Gonzalez [31] provides a pioneering and
comprehensive application of GDTA to formalize the SA requirements of
field managers during indoor construction activities. It bridges theo-
retical SA principles with practical challenges, offering detailed insights
into the numerous goals, decisions, and information managers need to
understand the current situation.

2.5. Situation awareness-aligned information technology

Technological advancements offer new possibilities to strengthen SA
yet require careful consideration of the users’ cognitive processes. On
the one hand, IT systems represent a system factor in Endsley’s model
(see Fig. 1) that enhances workers’ SA by automatically collecting and
processing relevant data. Research from other domains highlights the
benefits of DTs in augmenting human operators’ SA. For instance, Eck-
hart, Ekelhart and Weippl [84] present a DT-based SA framework that
offers a comprehensive and up-to-date understanding of cyber-physical
systems in manufacturing settings. Similarly, Camara Dit Pinto et al
[32] investigate how DTs improve SA in the complex oil-and-gas in-
dustry. On the other hand, a deep understanding of SA is essential for
developing IT systems that genuinely enhance it [36]. SA models focus
on users’ cognitive processes, linking them to systems that interpret
situational information [85,86].

Incorporating SA considerations enables a shift from technology-
centric designs to human-centered approaches [67,87] ensuring infor-
mation aligns with users’ mental models rather than merely presenting
raw data. Building on this, Camara Dit Pinto et al. [32] explore how
different DT components affect the three levels of SA, emphasizing that
the user interface impacts all levels simultaneously. Later, they propose
a methodology for designing DTs to enhance SA, introducing the
concept of reality anchors [88]. These reality anchors — alarms, sensor
data, process information, and environmental conditions — help users
perceive, comprehend, and project system states, facilitating more
informed decision-making. Fulfilling these SA requirements provides a
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structured approach to designing DT solutions with advanced compu-
tational capabilities that align with managerial cognitive processes and
operational demands. This helps prevent information overload, mistrust
and out-of-the-loop situations that lead to significant human errors [87].

2.6. Research gap

Despite growing attention to SA in construction management, there
remains a lack of clarity on the relationship between specific SA re-
quirements, the situation assessment process and the features of DTs
impacting construction managers’ cognition. On the one hand, practical
studies on DTs increasingly reference SA [15,17,34], likely aligned with
managers’ intuitive interest in clearly understanding their system [89].
Yet, these studies often fail to specify which SA requirements their
systems address and to what extent. Moreover, due to their technology-
first approach, these studies provide limited insights into how DT so-
lutions align with the cognitive processes involved in gaining and
maintaining SA. Their analyses seldom clarify what technological fea-
tures directly strengthen (or potentially undermine) managers’ ability to
accurately perceive, comprehend, and project potential disruptions. On
the other hand, theoretical studies focusing on SA requirements have
significantly enhanced our understanding of how construction managers
perceive and process information [27,35]. However, these studies tend
to overlook how construction managers maintain SA considering the
influence of uncertain, high-pressure conditions and various work en-
vironments in the construction supply chain. Additionally, these studies
do not yet offer concrete guidance on how existing or emerging DT
features — such as interactive dashboards or predictive analytics — should
be structured to align with the nuanced SA requirements in varying work
environments. Given the acknowledged importance of SA, aligning DT
developments with its principles is imperative for developing advanced
solutions that effectively meet the challenges of human decision-makers
in construction contexts.

3. Research design

This study employs a qualitative research design to define the SA
requirements and the factors dynamically influencing SA, with the ul-
timate goal of formulating design guidelines for DTs in construction. The
primary data collection method consisted of semi-structured interviews
with senior management professionals, complemented by on-site, non-
participant observations. Interviews have been widely recognized for
their capacity to elicit knowledge from experienced practitioners [90]
and generate nuanced insights into the SA requirements of managing
personnel [29,70]. Unlike survey-based methods, interviews encourage
open-ended dialogue and enable the interviewer to explore emergent
themes in real time. Prior studies have underscored the effectiveness of
such interviews in identifying and confirming information needs for
both offsite [91] and on-site construction activities [31].

To complement the interviews and enhance data richness, subse-
quent non-participant observations of precast production and assembly
processes were conducted. These observations took place after the in-
person interviews with managers were completed at three precast
element factories and two construction sites where precast elements
were assembled. The aim was to gather implicit insights into informa-
tion usage, focusing on detecting and assessing disruptions as they
occurred. Unobtrusive observations serve as a reality-confirming sup-
plement to interviews [92], analyzing events in real-time rather than as
managers might ideally perceive them. Besides, researchers can observe
which workflows are best optimized through information system sup-
port [93]. The observations conducted in this study enriched the find-
ings from the interviews by making the relationship between the
working environment of the managers and their SA dynamics more
transparent.
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3.1. Research setting and participant selection

We selected two representative settings within the lifecycle of a
construction project — offsite production and on-site assembly of precast
elements — to capture a broad view of SA requirements and disruption
management. Offsite construction has emerged as a transformative
approach for improving project timelines, resource utilization, and
quality [94,95]. Frequent updates to production schedules, trans-
portation constraints, and site readiness collectively generate an envi-
ronment prone to unanticipated disruptions [65]. Consequently, the SA
model offers a systematic lens and a valuable area of research for un-
derstanding and supporting the real-time cognitive demands typical of
these dynamically evolving construction environments [71,81]. Identi-
fied SA requirements for detecting and assessing disruptions are valu-
able input for designing DTs with advanced computational capabilities
that promise to enable construction managers to do their work
effectively.

Participant selection followed a purposive expert sampling strategy,
augmented by snowball referrals to reach additional professionals with
specialized knowledge. Purposive sampling is a non-probability sam-
pling technique that allows for the targeted recruitment of individuals
directly involved in offsite production, on-site assembly, or developing
IT solutions for prefabrication factories [96]. Initial contacts were
identified via professional networks and publicly available information.
Subsequently, the cohort was expanded through snowball sampling
[97]. To ensure a high level of practical relevance, the study deliberately
focused on experienced professionals with substantial involvement in
infrastructure and residential construction projects. These senior man-
agers offered insights grounded in long-term industry engagement. On
the technology side, the selection targeted IT specialists from firms
recognized for developing advanced digital solutions. This allowed the
study to reflect current industry-leading practices in construction-
related IT systems. This method facilitated the inclusion of individuals
with niche expertise and ensured a robust representation of insights
across multiple roles. In total, 13 experts were interviewed, with an
average industry experience of 18.5 years (see Table 1). This sample size
aligns with previous studies employing a GDTA framework, demon-
strating the potential to generate actionable findings that inform aca-
demic and industry-led research [31]. Furthermore, it is consistent with
cohort sizes used in prior research that successfully elicited expert
knowledge to support the development of data models in construction-
related contexts [98,99].

3.2. Data collection

Two interview rounds, with 16 interviews in total, were conducted to
explore the cognitive processes during disruption management in the
two different contexts (see Fig. 2.). Round 1 focused on discovering how
offsite production and onsite assembly managers cognitively tackle
unexpected events. These findings laid the groundwork for round 2,
focused on refining and enhancing the insights. Such an iterative design
aligns with recommended protocols for deriving comprehensive SA re-
quirements, thereby strengthening the quality of results [87].

In round 1, 11 interviews were conducted using open-ended ques-
tions guided by the protocol outlined by Jiménez and Orozco [100].
Prompts aimed to uncover participants’ everyday operational tasks and
to evaluate how effectively existing IT systems — already containing
critical operational data — support or fail to support their disruption
management. The objective was also to uncover unmet information
needs, prompting participants to discuss desired features or function-
alities that have not yet been integrated into their IT systems.

Round 2 comprised five interviews, with three returning participants
and two new subject-matter experts. In these sessions, we introduced the
SA model (Fig. 1), demonstrating how it can frame disruption analysis in
construction projects. An initial 15-minute briefing explained the prin-
cipal elements of the SA model, illustrating its importance for real-time
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Table 1
Overview of interviewees participating in the study (n = 13).

Advanced Engineering Informatics 67 (2025) 103557

D Job Role Focus Area Experience [Years] Interview type Interview Duration [min]
Round 1 Round 2
1 Production Manager Offsite Production 40 In-person 120 90
2 Production Manager Offsite Production 24 In-person + Video call 75 -
3 Production Manager Offsite Production 6 In-person 45 -
4 Project Leader Offsite Production 7 Video call 60 -
5 Site Manager Onsite Assembly 40 In-person 60 60
6 Site Manager Onsite Assembly 21 In-person - 920
7 Project Manager Onsite Assembly 32 Video call - 80
8 Information Manager Offsite Production 11 Video call 60 -
9 Managing Director IT Systems for Offsite Production Management 20 Video call 60 -
10 Software Developer IT Systems for Offsite Production Management 6 In-person 130 60
11 Founder, CEO IT Systems for Offsite Production Management 6 Video call 60 -
12 Product Manager, Planner Offsite Production 16 Video call 60 —
13 Environmental Engineer Offsite Production, Material Flows 12 In-person 60 -
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Fig. 2. Research design.

disruption resolution. We used a concise set of slides presenting a pre-
liminary goal-decision architecture, followed by structured prompts
such as, ‘Are there other data points that might enhance your assessment of
this issue?’ and ‘How do you see this information shaping the next steps?’.
This format encouraged constructive input regarding the conceptual
soundness and practical relevancy of SA requirements.

3.3. Data analysis

Once round 1 concluded, we employed a Goal-directed task analysis
(GDTA) to translate the wide-ranging interview data into a preliminary
structure of goals, decisions, and associated SA needs. GDTA systemat-
ically identifies the cognitive processes that human operators undertake
and the vital information necessary to achieve their objectives, even

Goals

> \\ > Situation awareness

when confronted with unfamiliar or unexpected situations [33]. Spe-
cifically, it examines the primary goals of operators, the critical de-
cisions needed to fulfill these goals, and the SA requirements across
three levels: perception, comprehension, and projection [87] (see
Fig. 3). Widely recognized as a reliable approach, GDTA is frequently
applied to explore SA in dynamic decision-making scenarios [101].

A key strength of GDTA is its focus on determining the ideal infor-
mation operators should access to meet their goals, regardless of current
technological limitations. This makes GDTA a technology-agnostic
approach for formalizing experts’ background knowledge, ensuring its
relevance across different platforms in the fast-evolving construction DT
field [44.108,103]. GDTA can serve as an evaluation criterion for
automation, as Parasuraman, Sheridan and Wickens [104] highlighted,
ensuring that the developed system supports rather than undermines

requirements

Fig. 3. The goal-directed task analysis establishes the relationshipbetween goals, decisions and SA requirements during dynamic decision-making.
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human performance. Furthermore, GDTA has effectively facilitated
communication between system designers and end-users by improving
their understanding of specific scenarios, such as managing disruptions
[105].

During the GDTA, the recorded interview data was systematically
coded to form a comprehensive hierarchy, which included top-level
goals, subgoals, and pivotal decisions. For each decision node, we
identified SA requirements that span perception, comprehension, and
projection. Table 2 shows examples of interviewee quotes related to
information from each of these three levels. These examples explain how
the SA levels apply to real-world situations. For instance, quotes at the
perception level focus on immediate status information about a planned
prefabricated element delivery, while those at the comprehension level
explain the meaning of data, e.g., they are information important for
identifying disruption. Quotes at the projection level describe potential
future conditions based on the current situation, such as the impact of
changes in processing orders in the factory.

Refinements based on round 2 feedback led to reconfiguring goals
and decisions. The original structure, which outlined specific goals and
decisions for each disruption type, was perceived by experienced man-
agers in the factory and on the site as overly rigid. Managers found the
initial structure overly prescriptive, advocating for a more flexible
method to represent different types of disruptions. This aligns with the
observations of Endsley and Jones [33], who stress the importance of
maintaining relevance in goals and decisions even under unfamiliar or
unforeseen conditions. As a result, specific SA components were revised,
omitted, or augmented, culminating in an updated set of goals, de-
cisions, and SA requirements that better reflect the complexities of
disruption management.

To add depth to the GDTA results, we performed a comprehensive
content analysis of the interview narratives, noting recurrent themes,
challenges, and user behaviors. By coding textual data for patterns,
challenges, and distinctive behaviors, we derived more nuanced insights
into how SA components interact in practice. The GDTA and content
analysis findings informed the design of specific DT features tailored to
the observed user demands. While GDTA clarified critical SA re-
quirements, content analysis contextualized the cognitive processes
within the construction context where managers operate, ensuring that
the derived DT design recommendations are academically robust and
practically viable.

Table 2
Definition of SA levels with examples from the interviews and derived SA
requirements.

SA Definition Quote from interviews SA requirement
Level
1 Perception of “The customer calls the - Perceive the

information elements
in the environment

factory / the dispatcher
and says: ‘Is my element
now ready?’”

“Here I can see, for
example, this pallet
occupied this station for
21 min, whereas the
planned takt time was 10
min - that is twofold, that
is bad.”

For example, if
postpone this project,
what happens? What
happens if the project is
blocked? What are the
consequences?”

status of upcoming
deliveries

2 Comprehension of the
present situation

- Analyze machine
productivity

3 Projection of the
future status

- Project potential
consequences of a
disruption
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4. Findings
4.1. Situation awareness requirements

A high-level goal and decision structure was compiled, focusing on
the goals Investigate disruptions during offsite production (see Fig. 4) and
Investigate disruptions during onsite assembly (see Fig. 5). Specifically, this
structure centers on two principal objectives in each phase: detecting
and assessing disruptions in offsite production and onsite assembly.
Each goal is further subdivided into immediate subgoals addressing the
identification of potential disruptions and the evaluation of their
severity. This framework aligns with managers’ primary concerns —
timely recognition of disruptive events and the rapid assessment of their
impact. Maintaining a higher-level structure in the GDTA enables a clear
comparison of SA requirements across the two construction contexts. At
the same time, it ensures critical dynamics are captured. Although
additional subdivisions were considered, they were ultimately deemed
impractical for this study, as the existing decisions already capture the
principal triggers for prompt situation assessment.

Managers develop distinct mental models in offsite production and
onsite assembly, a divergence rooted in the contrasting types and
breadths of information they must process. In the factory, SA re-
quirements predominantly involve internal factors — such as production
order, machine status, and storage space. To understand these factors,
factory managers must compare and assess quantitative metrics (e.g.,
production targets, time allocation at workstations, degrees of task
completion, or storage level). Their projections at this stage remain
similarly inward-focused. In contrast, accurately understanding onsite
disruptions requires a more significant dimensional variability in man-
agers’ mental models. They must perceive and interpret multidimen-
sional and highly interdependent information, such as activity statuses,
spatial arrangements, work sequences, and resource allocation.
Furthermore, SA in the assembly phase depends on internal (e.g., short-
term schedules, site layout) and external factors (e.g., incoming de-
liveries, weather conditions). These external factors affect SA at all
levels, necessitating a broader scope of awareness.

The goal and decision structure indicates that higher-level SA re-
quirements become nuanced once the need moves beyond initial
disruption detection to assessing their severeness. When examining
offsite production processes, we found that the fundamental SA ele-
ments at level 1 exhibit significant overlap between subgoal 1.1 (iden-
tifying a disruption) and subgoal 1.2 (evaluating the severeness of a
disruption) (Fig. 4). These core data elements, which include production
metrics, prefabricated element storage, and production schedule, serve
as a baseline for maintaining operational awareness. Notably, higher SA
levels display sharper distinctions, as comprehension and projection for
a rush order require a more profound analysis of workloads and prior-
itization of concurrent orders. A comparable pattern emerges in onsite
assembly (Fig. 5), where subgoal 2.2 (assessing weather-related dis-
ruptions) necessitates not only the assessment of the extent of the
weather but also the capacity to correlate its potential impact on specific
activities, crews and equipment.

4.2. Dynamics of gaining and maintaining situation awareness

The identified SA requirements represent an idealized state encom-
passing all potential information necessary for effective disruption
investigation. However, these requirements are inherently dynamic and
cannot be considered static or conclusively fulfilled. As operational
conditions evolve, it becomes imperative for managers to maintain an
adaptive approach, continually refreshing their awareness to address
and investigate emerging disruptions promptly and effectively. This
need for ongoing renewal became especially clear when comparing
offsite production to on-site assembly. Observational data and in-
terviews revealed that managers in these two construction contexts use
distinct approaches to maintain SA, underscoring how their
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1

INVESTIGATE DISRUPTIONS
DURING OFFSITE PRODUCTION

1

Subgoal

v

Main Goal
1.1
Identify disruptions

Decision l

Are there any disruptions in the
production process that require
immediate action or adjustment of
resources / schedule?

Situation awareness requirements

v

1.2
Evaluate the severeness
of an identified disruption

Disruption example:
Incoming rush order from the site

How does the rush order
impact the production process?

I

Level 1 - Perception
« Production metrics

« Current production output (No. of finished elements)
« Target production output (No. of planned elements)
« Work in progress (No. of unfinished elements)
« Production schedule
« Planned orders, tasks, due dates
« Completion status (by order/task)
« Required materials (by order/task)
« Machine / workstation status
« Cycle times
« Indicator lights
« Operation parameters / data logs
(temperature, fill status, power consumption, ...)
« Production demand from site
« Changes to planned element orders
« Status of element shipments
« Raw materials (esp. specific mixtures, inlays, ...)
« Consumption (transformed into products, wasted, ...)
« Inventory level
« Supply schedule
Prefabricated element storage
« No. of prefabricated elements in stock
« No. of free storage places

Level 2 - Comprehension

Compare planned vs. actual production output
Identify delayed completion of tasks

Analyze machine productivity

Evaluate workforce productivity

Monitor incoming site-driven orders

Track completed shipments

Determine potential shortages in required materials

Level 3 - Projection

Expected output within the remaining duration of the shift
Potential delays of task completion and their effects on delivery
schedules

Machine and workforce productivity trends

Raw material usage and storage capacity constraints

Level 1 - Perception
« Rush order details

o Cue/Alert
« Order due date
« Order volume, geometry
« Bill of materials
« Prefabricated element storage
« No. of prefabricated elements in stock
« No. of free storage places
« Production schedule
« Planned orders, tasks and due dates
« Completion status (by order/task)
« Production metrics
« Current production output (No. of finished elements)
« Target production output (No. of planned elements)
« Work in progress (No. of unfinished elements)
« Raw materials (esp. specific mixtures, inlays, ...)
« Inventory level
« Supply schedule

Level 2 - Comprehension

Quantify the additional workload required to fulfill the rush
order and check if it can be fulfilled from existing stock
Evaluate resource availability (workforce, shift schedules,
machine/workstation capacity)

Assess raw material inventory and re-order lead times
Compare planned vs. actual progress on current orders
Prioritize the rush order relative to ongoing orders

.

.

.

Level 3 - Projection
« Anticipate potential challenges with the added workload

(machine availability, workforce limits, raw material shortages, ...)
« Forecast the impact on overall production efficiency and schedule
(including delays to ongoing orders)

Fig. 4. Goal and decision structure with SA requirements for investigation of disruptions during offsite production.

surroundings, work principles and degrees of digitalization shape this
process.

4.2.1. Offsite production

The approach to maintaining SA during offsite production is shaped
by three interlinked factors: necessity to monitor overall performance
while meeting high-stakes orders, the increasing role of digitally
enhanced production monitoring, and structured work environments

that enhance observational clarity.

Investigating potential disruptions often requires managers to
maintain a broad overview of shift-based performance indicators while
gaining an emergent, order-specific understanding of the situation.
From our field observations, production managers primarily monitor
aggregate metrics (SA level 1) - such as planned and actual outputs,
machine cycle times, and real-time task durations — to gain immediate
awareness of overall performance. These synthesized indicators enable
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Main Goal

2

INVESTIGATE DISRUPTIONS
DURING ONSITE ASSEMBLY

Subgoal L

2.1
Identify disruptions

Decision

Are there any disruptions in the
assembly process that require immediate
action or adjustment of
resources / schedule?

Situation awareness requirements

v

2.2
Evaluate the severeness
of an identified disruption

Disruption example:
Sudden weather change on the site

How does the weather change
impact the assembly process?

l

Level 1 - Perception

« Schedule for today and near term (e.g., next 7 days):
« Planned assembly activities
« Current completion status
« Planned preceding activities

« Current site layout
« Work areas / assembly locations
« Equipment setup areas
« Available storage zones

« Element supply & delivery status
« Upcoming deliveries
« Deliveries in transit
« Deliveries arrived at the site
« Element weight / shape

« Resource availability
« Crews
« Lifting equipment

« Weather conditions
« Current weather (temperature, wind, precipitation)
« Near term forecast

Level 2 - Comprehension
« Compare planned vs. actual progress
« Assembly activities
« Preceding works
« Monitor and track incoming element deliveries (including any
potential delays or shortfalls)
« Determine onsite availability of resources and space
« Monitor weather conditions

Level 3 - Projection

« Assembly activities to be performed in the near term
Expected assembly progress in the near term
Available vs. required storage zones for upcoming deliveries
Potential impact of weather conditions on crane operations and
site conditions

I

I

I

I

I

I

Level 1 - Perception ‘
« Changes in weather conditions |
« Time of occurrence / alert E

« Current weather (temperature, wind, precipitation) !

« Near term forecast '

« Project schedule for today .
« Planned assembly activities 1

« Completion status of ongoing tasks |

« Planned preceding activities |

« Current site layout E
- Work areas / assembly locations !

« Available storage area i

« Element supply & delivery status |
« Possible alternative delivery dates |

« Upcoming deliveries |

« Deliveries in transit :

« Deliveries arrived at the site E

« Element weight / shape !

I

I

I

I

I

I

I

I

I

I

I

I

I

Level 2 - Comprehension
« Assess the extent and intensity of the weather change
(partial slowdown vs. total stoppage)

« ldentify affected
« Assembly activities
« Prefabricated elements and their locations
« Crews
« Lifting equipment

« Identify the availability of buffers that could be leveraged
« Schedule float or slack time
« Alternative delivery windows
« Alternative storage zones

Level 3 - Projection
« Potential downstream consequences until the weather improves
« Assembly delays
« Element deliveries
« Storage area availability
« Expected duration of weather-induced impacts

Fig. 5. Goal and decision structure with SA requirements for investigation of disruptions during onsite assembly.

them to comprehend ongoing trends and inefficiencies (SA level 2).
However, when a rush order arrives or an existing high-stakes order
begins to deviate from its planned schedule, managers must pivot from
this macro-level disruption detection to an in-depth, order-specific
focus. This refined perspective requires analyzing factors like current
progress milestones, completion progress, and how prioritizing the ur-
gent or high-stakes order may impact other orders in the pipeline.
During this process, managers engage deeper comprehension (SA level
2) and projection (SA level 3) to anticipate potential downstream effects

- such as delay of other deliveries or overtime requirements — and bal-
ance these risks against the strategic importance of the specific order.
Thus, the ability to switch from macro-level disruption monitoring to
micro-level investigation when critical orders arrive underlines the
importance of adaptive managerial practices and robust SA throughout
the production process.

In addition, these factories increasingly integrate digital tools to
reinforce SA across all three levels. Real-time scoreboards positioned
centrally on the shopfloor display planned versus actual progress,
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thereby triggering managers to decide when to zoom into specific issues.
Machines with indicator lights that can be seen from a distance or
positive/negative symbols on the dashboards provide operators and
supervisors with instantaneous awareness of operational status (SA
levels 1 and 2). Meanwhile, numeric trend indications project expected
outputs based on current performance and existing disruptions,
contributing partially to predictive capabilities (SA level 3). This syn-
ergy of physical consistency, repetitive workflows, and digital
augmentation helps managers promptly identify disruptions.

The degree of task automation significantly influenced how man-
agers developed and maintained SA. In the two facilities characterized
by less automated processes, managers were required to closely oversee
the initiation of production orders, ensure the timely execution of tasks,
and coordinate the storage of finished elements within the warehouse.
This hands-on approach necessitated a more advanced comprehension
(SA level 2), as managers were often required to integrate fragmented
work steps and analyze their temporal interdependencies to address
disruptions effectively. In contrast, observations at the third facility,
which operated a highly automated carousel production line integrated
with an ERP/MES system, demonstrated a marked reduction in mana-
gerial engagement required for routine oversight. Automated systems
within this environment generated real-time alerts for schedule de-
viations, initiated subsequent tasks autonomously and monitored task
completion. Although the manager maintained a baseline understanding
of task durations, the MES system’s real-time, integrated data substan-
tially reduced the cognitive effort required to gain SA for detecting
emerging disruptions. These findings highlight how varying degrees of
technological sophistication shape managerial involvement, with
advanced digital systems streamlining — and partially automating —
higher-level SA processes.

Lastly, interviews highlight how structured production layouts and
fixed work zones support the initial and intermediate levels of SA.
Centralized supervision and standardized workflows facilitate rapid
perception (SA level 1), as managers can simultaneously observe several
stations and promptly identify disruptions. Moreover, consistency in
production processes and workload distribution aids comprehension (SA
level 2) since stable metrics and benchmarks enable quick interpretation
of performance data and deviations. One production manager, for
example, emphasized how a balanced distribution of complicated and
straightforward orders within a shift makes it easier to compare daily
outputs across shifts and assess operational progress against established
norms.

4.2.2. Onsite assembly

Maintaining SA during onsite assembly demands repeating cycles of
data gathering, information interpretation and continuous re-
evaluation. Managers must navigate shifting conditions, contextualize
metrics against evolving site realities, and rely on their expertise to
project future conditions.

In practice, managers gain SA in a heavily iterative manner: they
perceive information items like assembly activities or weather forecasts
(SA level 1), then evaluate how these might affect the assembly process
(SA level 2) and return to check additional information such as the de-
livery status of precast elements (SA level 1). Deciding how often to re-
check these level 1 items can depend on direct observations (e.g., visible
changes in the work zone) and indirect cues (e.g., unusual delays in
supply). During the interviews, managers describe this process as
demanding because even minor changes — such as an unexpected delay
in delivery — can force them to re-evaluate many of the other SA level 1
items. When managers notice signals of potential disruption, such as a
sudden weather change (subgoal 2.1), they assess its seriousness and
how it could impact other connected activities (subgoal 2.2). In doing so,
they narrow their focus and gather the specific data most relevant to that
issue. By looking more closely at one area, they try to gain deeper insight
into how tasks and constraints fit together, uncovering in-
terdependencies they might not have been aware of before.
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Comprehension is frequently challenged by the fact that the meaning
of metrics depends heavily on the specific context in which they are
interpreted. Managers emphasized that metrics cannot be interpreted in
isolation; each value must be compared against the scheduled plan and
continuously re-evaluated as site conditions change. For instance, the
daily count of assembled parts is not good or bad, absent a comparison
with scheduled assembly benchmarks. This challenge becomes more
pronounced because learning curves change workers’ productivity and
equipment performance over time. As one site manager explained, “Not
everything is static. So, the weather forecast is a static thing — it’s either 5° or
4° or —1° or —3°. It’s a statical figure. The production of people or the
production of machinery on site is not statical. You always have a learning
curve. Always, people learn onsite. So, the production you measure in one
week could be different four weeks later. It’s not the same. It is hardly ever the
same.” Consequently, managers must account for these evolving con-
ditions, adjusting their SA level 2 interpretation of productivity metrics
to detect disruptions and maintain realistic assessments of project
progress.

Based on site visits and interviews with project managers, we found
that the rapidly shifting conditions of construction projects pose another
ongoing challenge to maintaining SA. Because work zones, access
points, and staging areas are continually reconfigured, installing stable
visual aids — such as fixed lighting systems or centralized displays —
proves impractical. Consequently, to maintain SA, site managers rely on
systematic site monitoring, conducting regular visual inspections while
moving around the work area to stay updated on evolving layouts and
real-time site conditions. Alongside these inspections, managers engage
in goal- and cue-driven conversations with on-site teams: they inquire
about specific task progress (e.g., subgoal 2.1) or the impact of weather
(subgoal 2.2). For example, just before the interview on the site, a
foreman informed the manager about delayed steel girder installations —
preceding works that needed to be completed for precast slab placement
— this immediately alerted the site manager to a schedule disruption that
might impact planned assembly activities. In addition, phone calls to
offsite stakeholders, such as suppliers or colleagues, help managers
gather cues from beyond the immediate work environment.

Given the difficulties in comprehension, projecting (SA level 3)
whether a disruption will occur and evaluating its potential impact is
found to be even more challenging. This process is heavily reliant on the
experience and expertise of site managers. They report that they often
perform these assessments intuitively without employing digital tools
that could automate this procedure. For such projections to be accurate,
experience plays an integral role. As one site manager noted, he
routinely shares his knowledge with junior colleagues, warning them
about what might happen if a particular situation occurs and instructing
them on appropriate responses. This perspective underscores the
importance of experience and long-term memory as individual factors
for the development of SA to thoroughly examine assembly disruptions
within the construction site environment.

4.3. Digital twin design features to support situation awareness

This section outlines design recommendations for DTs that enhance
managerial SA in construction contexts (see Table 3 and Table 4). They
are based on the previously identified SA requirements and the observed
dynamics of gaining and maintaining SA. The recommendations are
anchored in three core principles: adaptability, addressing evolving sit-
uations and disruptions; contextual alignment, maintaining relevance to
work settings and dynamic construction scenarios; and clarity, ensuring
essential information is readily discernible.

4.3.1. Supporting situation awareness during offsite production

To ensure adaptability to SA dynamics, DTs should enable effortless
switching between macro-level views (e.g., entire production lines or
factories) and micro-level analyses (e.g., individual projects or orders)
for practical disruption assessment. To make this possible, the DT
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Table 3

Key dynamics of gaining and maintaining SA during offsite production with
recommended DT design features that enhance the SA of managers.

Dynamics of gaining and maintaining
SA

Recommended DT design features to
support SA

Macro-to-micro switching — Managers
observe overall performance with
aggregated metrics but pivot to order-
specific details when urgent
disruptions arise.

Automation-driven adaptation of SA
strategies — Managers adjust oversight
strategies based on automation level,
balancing manual checks or
automated alerts.

Synergistic integration of physical
and digital cues — Managers leverage
the synergy of physical structure
(standardized layouts) and digital cues
(indicator lights) for real-time
assessments.

Adaptive level of granularity in DT
visualizations - Provide interfaces that
can swiftly toggle between broad factory
views and focused views highlighting
order-specific information.
Context-specific DT processes based
on automation levels - Scale
functionality to match automation
needs, offering granular detail in manual
settings and consolidated alerts in
automated environments.

Clear DT visualizations reflecting the
physical environment - Streamline
data displays and shopfloor
visualizations to highlight anomalies and
trends with intuitive cues.

Table 4

Key dynamics of gaining and maintaining SA during onsite assembly with rec-
ommended DT design features that enhance the SA of managers.

Dynamics of gaining and maintaining
SA

Recommended DT design features to
support SA

Intensely iterative information
processing — Managers follow
iterative cycles: perceive site details
(SA level 1), interpret implications
(SA level 2), and then revisit SA level
1 items as new cues emerge.

Strong context-dependency of
perceived values / metrics —
Managers interpret metrics within
ever-changing contexts (e.g., learning
curves, weather), comparing them
against shifting schedules.

Projections require well-established
mental models — Rely on
experienced-based intuition to
manually project potential disruptions
(SA level 3) despite inherent
challenges.

Adaptive display of relevant real-time
data - Integrate real-time data (e.g.,
deliveries, weather) with contextual
factors (e.g., schedules, deliveries) in a
dashboard, enabling rapid back-and-
forth assessments.

Ease contextual comparison of
measured values — Layer current
performance metrics with historical
records and ongoing plans, highlighting
unexpected deviations or evolving
benchmarks.

Display likelihood and bandwidth of
projections — Offer projection tools that
clearly display assumptions, outcome
ranges, and confidence levels, letting
managers question or refine these
automated predictions.

interface could include an adaptive filtering system that highlights only
the relevant metrics for a given project, thus reducing information
overload. For example, when an order becomes time-sensitive or en-
counters potential delays, the plant manager will need to evaluate this
specific order. The DT interface might automatically highlight key per-
formance indicators such as material availability, current production
rates, and scheduled tasks specific to that order. Meanwhile, production
lines or resource pools unrelated to this order should be deprioritized for
that moment into a minimal view, saving the manager’s time and effort
otherwise spent searching for relevant details. At the same time, to
assess the impact on the broader workflow, the DT should keep the
option to compare the specific order against other orders, helping
managers anticipate downstream effects like schedule conflicts or
resource shortages. By integrating these adaptive filters and dynamic
correlation tools into the DT, managers can seamlessly move between
monitoring general factory operations and assessing urgent orders.
Building on observations from diverse offsite production facilities,
developers of DTs should aim to provide context-specific information
that aligns with each environment’s degree of technological sophisti-
cation and the respective distribution of managerial responsibilities. In
less automated settings — where production management relies heavily
on manual coordination — DTs should not only present relevant data to
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help managers perceive (SA level 1) the current status of tasks, resource
usage, or machine states but also facilitate comprehension (SA level 2)
by illustrating the interdependencies among these elements (e.g., how
delays at one workstation might affect subsequent processes). Further-
more, when certain SA level 1 data is temporarily unavailable, DTs
should explicitly provide cues about these interdependencies so that
managers can infer the missing information from the available data. For
instance, if direct data about a machine’s status is absent, understanding
how that machine typically interacts with downstream processes can
help managers estimate its likely condition. This enhanced under-
standing positions managers to project (SA level 3) the potential impact
on production schedules or internal resource requirements, thus
enabling more proactive decision-making. Conversely, in more
advanced environments — where enterprise systems automate much of
the routine monitoring — DTs can support level 1 and 2 SA by aggre-
gating and analyzing data in real-time, offering managers a consolidated
view highlighting emerging issues. However, even in these high-tech
contexts, managers must remain in the loop, periodically verifying the
system’s outputs and exercising critical oversight to ensure that auto-
mated processes do not obscure crucial details or undermine leadership
roles. By aligning DT design with the distinct SA needs of differently
automated environments, they can enhance responsiveness while pre-
serving essential managerial involvement.

To ensure clarity, DT developments for offsite production should
prioritize collecting valuable and relevant signals which prevents the
excessive data flow described by one interviewee who recalled: “In past
roles, we’ve used different IoT sensors to capture real-time data and in — I'd
have to look at the numbers again — but in the majority, most people that we
would feed real-time data to, it was too, too much data to sift through based
on the time that they have to synthesize or to sort of aggregate and synthesize
that data”. Algorithms can then parse these inputs for anomalies or
trends, preventing decision-makers from manually sifting through raw
data. Moreover, given the structured layout of work zones and defined
work sequence in which work is executed, developers can favor
streamlined, real-time 2D shopfloor representations focusing on the
critical metrics (e.g., anomaly indicators, daily targets) over complex 3D
factory views. As one interviewee describes: “The operators on the shop
floor, they can easily cope with the 2D view because they know ’I'm standing
here’. [...] It’s just an overview of the whole hall, so that you can look over
from your workstation. Then you see the machine has a fault. Is it in my work
area? Okay, then I go to the machine briefly and check it.” Finally, these
streamlined analytics can reinforce consistent benchmarking by
providing clear progress indicators and day-to-day comparisons (e.g.,
workload distributions across shifts).

4.3.2. Supporting situation awareness during onsite assembly

DT should offer interfaces that adapt to managers’ iterative cognitive
processes. Investigating and assessing disruptions during onsite assem-
bly requires a DT setup that continuously reflects the physical envi-
ronment’s fluctuations — from shifting work zones to dynamic weather
conditions to changing delivery schedules. As elaborated in Section
4.2.2, managers cycle through SA level 1 (collecting site details) and SA
level 2 (evaluating implications) and then re-evaluate level 1 as new
cues appear. A DT should consolidate relevant data sources in one place,
potentially via integrated dashboards. Rather than merely logging how
many precast elements have been assembled or which truck deliveries
have arrived, the platform should integrate these updates with related
contextual factors — such as the current assembly schedule or weather-
driven site constraints — to show managers what each new data point
means for ongoing tasks. Tying each incoming information to specific
goals (e.g., subgoal 2.1 around potential disruptions, subgoal 2.2 about
their severeness) ensures managers can quickly navigate between the
raw inputs and the ‘so what?’ behind them.

Managers in our study emphasized that onsite performance metrics
must always be judged against the specific context defined by scheduled
targets and shifting benchmarks, given that productivity evolves in
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response to learning curves and other variables. Consequently, to sup-
port SA on the site, DT interfaces should do more than provide absolute
numbers like ‘X units installed’. They should layer real-time data with a
contextual comparison against both historical records and current plans.
To prevent misinterpretation, the system could highlight whether the
installation rate is unexpectedly low or high relative to historical records
with similar conditions or whether the current day’s output aligns with
the planned milestone for that time. Making these reference points
explicit helps managers detect disruptions sooner and refine their
awareness about resource allocation or task sequencing. At the same
time, it is crucial to recognize scenarios in which managers might
question these automated assessments — especially if the presented data
appears to conflict with their field observations. In such cases, the
platform should provide avenues for reporting these doubts and sys-
tematically evaluating and adjusting the underlying comparison logic.
Establishing a process whereby skepticism can be logged, examined, and
reconciled fosters continuous refinement of the metrics and reinforces
confidence in both the data and the analyses.

Finally, projecting the magnitude and likelihood of potential dis-
ruptions (SA level 3) is one of the most challenging steps for onsite
managers, who often rely on their experience. To adapt to different
degrees of experience, DTs could incorporate evaluations and band-
width displays, showing not just a single output projection (e.g. ‘fore-
casting an assembly of 50 elements by Friday’) but rather a range
(‘forecasting an assembly of 40 to 60 elements by Friday, considering on the
evident learning curve in the last days and stable weather forecast’). Such
transparent statistical process control charts can indicate how quickly a
disruption might escalate if certain thresholds are reached given current
and evolving conditions — enabling more proactive responses. Critical to
this approach is transparency: whenever automated calculations or Al-
driven models predict future outcomes, the system should openly indi-
cate confidence levels or data certainty i.e., how those predictions were
derived, how current or uncertain the inputs are, and what assumptions
underpin them. As with the managers’ intuitive judgments, these pre-
dictive features should remain straightforward to inspect and adjust,
ensuring that even junior managers with less sophisticated mental
models can fully understand and assess the trustworthiness of these
results.

5. Discussion

This research provides novel insights into the SA requirements of
construction managers addressing disruptions in two complementary
contexts — offsite production and onsite assembly (RQ 1, Section 4.1). It
focused on these two contexts because disruption management in con-
struction often requires urgent, adaptive responses to ill-defined prob-
lems under intense time pressures [71]. Our findings indicate that
disruption identification in offsite production relies predominantly on
consistent, quantitative indicators since the production context remains
uniform. In contrast, onsite assembly presents a more diverse work
environment where SA requires processing multiple data streams — from
detailed project schedules, subcontractor updates, and logistical details
from offsite factories to external factors such as weather conditions. This
need to acquire diverse, accurate, real-time information is a consistent
challenge in disruption management [66]. Our results contribute to the
suggestion by Karkkainen et al. [79] for a nuanced understanding of
supply chain needs, showing how contrasting SA in offsite and onsite
contexts highlights the role of tailored information flows in addressing
disruptions. Furthermore, the study addresses the gap identified by
Lappalainen et al. [27], who urge deeper investigations into SA demands
among site personnel.

Additionally, this study examined how different work environments
representing task / system factors in the SA model (see Fig. 1) influence
how managers gain and maintain SA under disruptions (RQ 2, Section
4.2). The distinct cognitive strategies in offsite production and onsite
assembly offer insights into managerial mental models. In offsite
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production, managers must swiftly shift between macro-level, over-
arching tasks — monitoring assembly-line capacity or tracking overall
production timelines — and micro-level details focused on specific or-
ders. This ability to move fluidly between overarching production
workflows and detailed management of selected orders may indicate a
high degree of managerial expertise. In onsite assembly, we observed
iteration between various levels of SA as a critical pattern, likely due to
the interdependency of activities, equipment, and prefabricated ele-
ments. It aligns with previous studies indicating that operators often re-
evaluate perceived elements in light of their ongoing comprehension
(SA level 2) and forward projections (SA level 3) rather than moving
linearly from SA level 1 to level 3 [62,73]. Recognizing these iterative
cognitive demands allows to embed more sophisticated knowledge-
based reasoning techniques into DT systems, ensuring system recom-
mendations align with managers’ evolving mental models.

Our findings support the Endsley model for SA [36] about the in-
fluence of automation as a system factor (see Fig. 1) on human operators
perceive and comprehend emerging situations. In highly automated
factory environments, technology has shown to be capable of con-
ducting preliminary perception tasks (SA level 1) and offers structured
guidance for comprehension (SA level 2). This reduces managers’
cognitive load. Such findings extend to Agrawal et al. [52], who propose
various role distributions between human agents and DTs and argue for
the importance of context-specific interfaces that promote effective
human-DT interaction. Building on their work, our results emphasize
that developments of sophisticated computational methods and higher
degrees of automation provided by DTs should not exclude human
insight; managers still must interpret nuanced information provided by
the DT that might otherwise go unnoticed by technology alone.
Furthermore, the challenge of achieving higher levels of SA - particu-
larly level 3 — was apparent, especially during onsite assembly. It was
found that managers often rely on tacit knowledge and expertise for
projection. This illustrates the relevance of individual factors on SA as
depicted in Endsley’s model (see Fig. 1). These observations align with
Lappalainen et al. [81] regarding the limited availability of higher-order
SA systems in construction. Integrating Al-based predictive models with
human judgment could help fill this gap. Still, such solutions demand
rigorous validation to ensure that projections align with real-world
disruptions and do not introduce new uncertainties [106].

Another contribution of this study is its articulation of how human-
centered DT can be designed to align with the distinct cognitive pro-
cesses of managers across diverse construction contexts (RQ 3, Section
4.3). During offsite production, factory managers should be able to
easily filter and aggregate information for a specific project or high-
stakes order, focusing attention on dynamic progress milestones,
resource availability, and anticipated bottlenecks. This emphasis on
selective information dissemination is a practical safeguard against in-
formation overload, sharpening the focus on relevant variables. To
effectively support these cognitive processes in offsite production,
visualization technologies such as interactive dashboards are a valuable
area of research. They allow richer data access through drill-down ca-
pabilities and context-specific data filtering [107,108]. Aligned with
this, backend features like complex event processing engines for digi-
tally enhanced visual management [30,109] are up-and-coming candi-
dates for further investigation. Meanwhile, the diversity of SA
requirements in onsite assembly necessitates advanced data aggregation
and real-time monitoring tools that gather information and prioritize it
based on situational urgency. Future DTs for onsite processes may
benefit from semantic-web pipelines that maintain machine-readable
links across heterogeneous sources [10,12,44,116] and highly interac-
tive, large-format dashboards [17]. Moreover, the present study em-
phasizes the importance of reflecting confidence levels or data certainty
in these visualizations, especially in light of the growing adoption of AI-
based data analyses [13,44,58]. Adopting microservice-oriented archi-
tectures may provide the flexibility to tailor DT capabilities to specific
projects and user needs [6].
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It is essential to recognize that while these technological propositions
are based on observed SA needs in practice, they require careful
contextual evaluation of their impact on SA in practical settings. As
Endsley notes, “Each design should be empirically tested to identify any
unforeseen issues that can negatively impact operator SA, and to allow
the relative benefits of different design options to be considered.” [87]
Adapting DT solutions to meet SA requirements in construction poses
several challenges. Technically, many sites lack automated data-capture
systems, limiting the availability of reliable SA level 1 information.
Furthermore, organizational factors such as stakeholder reluctance to
share critical data streams can undermine the effective implementation
of DT-driven SA. One potential strategy to address this is using labora-
tory DT testbeds, providing controlled settings to experiment with and
refine DT artifacts early on, thereby minimizing the risks of large-scale
failures [87]. Though these testbeds can support the verification of DT
concepts and mitigate implementation risks, they cannot fully replicate
the nuances of naturalistic decision-making in actual construction
practice.

The findings extend recent studies elaborating primarily on technical
DT requirements and functionalities [3,7,9,112] by drawing attention to
the context-sensitive nature of managerial cognition in day-to-day work.
Integrating the observations of this study — derived through social sci-
ence methods - into engineering informatics literature can significantly
enhance the practical utility of future DT developments. A bottom-up
approach that actively engages practitioners and analyzes their sense-
making processes is essential for transparent knowledge formalization
and representation, ensuring that informatics solutions align with real-
world needs [90]. Additionally, using the technology-agnostic perspec-
tive of GDTA ensures that the identified SA requirements remain rele-
vant as DTs continue to evolve and gain traction in the construction
sector.

A relevant takeaway is the conceptual distinction between SA pro-
cesses and subsequent decision-making during disruption management.
Evaluating these constructs independently allows researchers to inves-
tigate whether certain DT technologies excel in problem identification
and sensemaking yet lack robust decision-support algorithms or vice
versa. Endsley’s model also provides an intuitive language that enables
practitioners to articulate their sensemaking with greater specificity,
which supports more precise differentiation between understanding a
situation and deciding how to act on it. Treating SA and decision-making
as interdependent but distinct processes makes it possible to align DTs
more effectively to improve human performance in factory-based and
onsite construction settings. For instance, future work could integrate
knowledge-based expert systems to support decisions once high SA is
achieved, ensuring that real-time data streams and cognitive processes
feed directly into automated or semi-automated reasoning modules.

This research has certain limitations that may influence the inter-
pretation of its outcomes. One of these is its qualitative scope and the
specific sample of interviewees, whose extensive insights may not
represent the full spectrum of SA requirements or DT design recom-
mendations. Although we minimized bias by selecting professionals
with long expertise and diverse project backgrounds, the possibility
remains that variations in factory settings or worker characteristics
could influence the observed requirements. Nevertheless, our methods
align with recognized qualitative approaches for SA investigation and
knowledge elicitation in construction [70,98,99]. In addition, we
adopted a deliberately high-level goal and decision structure to facilitate
comparisons between offsite production and onsite assembly, which
inevitably restricted the depth of our analysis for specific managerial
activities. Additionally, training, stress, and organizational culture [35]
can influence outcomes, even when SA is comprehensive.

This study focused on individual-centric scenarios where re-
sponsibility for disruption management rests with a single manager in
the factory or on the site. While this helped isolate specific cognitive
demands, many real-world construction projects involve distributed
responsibilities (e.g., multi-expert project groups or, in the future,
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human-robot teams). Ensuring a common understanding of the infor-
mation system will remain essential for the robust design and manage-
ment of multi-domain DTs in complex, large-scale construction projects
[77,113]. Moreover, shared SA becomes a critical factor in these con-
texts, as it more effectively reflects the psychological dynamics between
individual experts shaping their collaborative problem-solving processes
[62]. We recommend considering collaborative SA concepts, including
distributed cognition, as additional lenses for analyzing these socio-
technical systems [114,115]. Data collection methods like focus group
interviews [116] or charrettes [117] could support this line of inquiry.
Still, applying them in construction may require adjustments, as it can
be challenging to gather practitioners with similar roles and a willing-
ness to discuss their work routines openly in a joint event. Lastly, future
investigations might employ mixed-methods approaches, adding quan-
titative performance metrics or simulation experiments to verify how
different technological interventions influence SA and decision-making
in real or near-real construction scenarios.

6. Conclusion

This study explored the intersection of SA and DTs in construction
management, focusing on disruption management during offsite pro-
duction and onsite assembly. Drawing on qualitative insights from 16
interviews and observations, the research applies GDTA and content
analysis to identify specific SA requirements across these contexts,
highlighting distinct cognitive processes managers employ to detect and
assess disruptions. Key cognitive processes include shifting SA from
macro-level production to micro-level order-specific SA during offsite
production and demanding, iterative cycling across SA levels during
onsite assembly. The results also reveal how automation and context-
dependent challenges influence SA. These findings inform actionable
recommendations for DT design — emphasizing adaptive, contextualized
and transparent data visualization and projections — and advance our
theoretical understanding of how knowledge representation and
reasoning can be integrated into digital tools. The study contributes to a
broader shift toward human-centric digital transformation in the con-
struction industry by centering human cognition.

Future research could extend these findings through rigorous quan-
titative investigations measuring the direct impact of DTs on SA and the
proposed DT design scheme in real-world construction projects.
Extended case studies with deeper subdivisions within the GDTA could
provide valuable insights, especially when the GDTA serves as a guiding
framework for DT development to meet SA requirements. Practical case
studies would also support an incremental and realistic implementation
of DT systems. Additionally, exploring Al-driven decision-support sys-
tems that leverage SA insights is crucial, offering concrete examples of
how human-machine collaboration enhances situational response.
Examining SA from a team perspective — focusing on collaboration, role
clarity, and information sharing — will also be essential for addressing
dynamic team configurations and complex task demands. By integrating
these dimensions, future research can help develop more comprehensive
DT frameworks that align with the evolving needs of construction
management and engineering informatics. Finally, advancements in
real-time data capture, processing, and visualization technologies
remain pivotal for fulfilling SA requirements and driving the practical
adoption of DTs.
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